Single cell RNA sequencing (scRNA-seq) unfolds complex transcriptomic data sets into 18 detailed cellular maps. Despite recent success, there is a pressing need for specialized 19 methods tailored towards the functional interpretation of these cellular maps. Here, we present 20 DrivAER, a machine learning approach that scores annotated gene sets based on their 21 relevance to user-specified outcomes such as pseudotemporal ordering or disease status. We 22 demonstrate that DrivAER extracts the key driving pathways and transcription factors that 23 regulate complex biological processes from scRNA-seq data. 24 25 Keywords 26 Autoencoder, machine learning, manifold interpretation, single-cell RNA sequencing, 27 transcription factor 28
3 Background 29 Single cell RNA sequencing (scRNA-seq) experiments dissect biological processes or 30 complex tissues at the cellular and molecular level [1, 2] . Due to the high complexity and large 31 number of observations, one critical step in scRNA-seq analysis is dimension reduction [3] . 32
Dimension reduction projects the high dimensional expression matrix into a low dimensional 33 space, also called data manifold or cellular map, which captures the underlying biological 34 processes [4] . A number of methods have been used for manifold learning in scRNA-seq data 35 [5] [6] [7] [8] [9] [10] [11] . 36 Biological meaning can be extracted from the data manifold following in-depth analysis. 37
After cells are stratified into separate groups or along a continuum, differential expression 38 analysis is performed. The results can then be examined using tools for biological interpretation 39 [12] [13] [14] . However, choosing the best parameters to identify differentially expressed genes 40 across diverse scRNA-seq datasets is still an open challenge [15] . Therefore, there is a need for 41 methods that facilitate biological interpretation without performing differential expression 42 analysis. 43
Here, we present DrivAER, a method for the identification of Driving transcriptional 44 programs based on AutoEncoder derived Relevance scores. Transcriptional programs (TPs) are 45 sets of genes sharing biological properties [16] , which have been annotated extensively [17, 18] . 46
DrivAER infers relevance scores for each TP with respect to specified outcomes of interest. 47
These outcomes can represent extrinsic phenotypes, such as disease status, or intrinsic 48 phenotypes derived from the data itself such as pseudotemporal trajectories. Relevance scores 49 allow researchers to rank TPs and help explain the underlying molecular mechanisms. counts of each TP-specific gene set to generate a two-dimensional data manifold in an 61 unsupervised manner ( Fig. 1ab ). Next, we associate the resulting manifold coordinates with the 62 outcome of interest using random forest models ( Fig. 1c ). We interpret the random forest 63 accuracy as relevance score, which quantifies the amount of information that is shared between 64 the TP-specific data manifold and the outcome of interest ( Fig. 1d ). 65
To demonstrate the ability of DrivAER to perform correct manifold interpretation, we 66 reanalyzed three publicly available scRNA-seq data sets. The first data set by Kang et al [21] 67 described a transcriptional response to interferon stimulation (Fig 1e) . described a 68 transcriptional response to interferon stimulation (Fig 1e) . As a proof of principle, we asked if 69 DrivAER could recapitulate this biology and extract the interferon signature as the driving 70 transcriptional program defining the T cell data manifold (Fig 1f) . We applied DrivAER to the 71 subset of T cells and evaluated 50 hallmark gene sets from MolSigDB [22] with respect to 72 interferon stimulation (Table S1 ). Indeed, the "INTERFERON_GAMMA_RESPONE" gene set 73 received the highest relevance score (Fig 1g) . Visualization of the T cell DCA embedding 74 derived from the "INTERFERON_GAMMA_RESPONE" gene set showed clear separation by 75 condition (Fig 1h) , implicating that this gene set is the main driving force separating the 76 stimulated and unstimulated T cells. As a negative control, we show the DCA embedding for 77 5 one of the lowest scoring gene sets "PROTEIN_SECRETION" (Fig 1i) . For this gene set, the 78 cells cluster randomly with respect to the stimulation status. The heatmap in Figure 1j shows the 79 expression levels of T cells for the "INTERFERON_GAMMA_RESPONSE" gene set. It is 80 important to note that the cells (columns) are ordered by stimulation status and that the DCA 81 coordinates are strongly associated with the stimulation status. Most 82 "INTERFERON_GAMMA_RESPONSE" genes are upregulated in stimulated compared to 83 unstimulated cells. Expression of genes in the "PROTEIN_SECRETION" gene set shows a 84 random pattern ( Fig S1) . To demonstrate the usage of DrivAER, we use a collection of TF-target annotations to 99 infer TF activity and reanalyzed a hematopoietic differentiation dataset by Paul et al [26] . The 100 authors identified and described the main blood development trajectories including 101 differentiation from stem cells towards erythrocytes and monocytes (Fig 2ab) . Next, we 102 calculated two independent pseudotemporal trajectories for erythrocyte and monocyte 103 6 differentiation ( Fig 2cd) . We then applied DrivAER to identify TFs that are relevant for 104 erythrocyte and monocyte differentiation using the MolSigDB motif gene set [27] . DrivAER 105 identified the GATA TF family as the most relevant in the erythrocyte trajectory (Fig 2e, Table  106 S1). The DCA embedding derived from the "GATA_C" gene set showed strong clustering by 107 pseudotime, demonstrating that GATA target gene expression is highly coordinated along this 108 trajectory (Fig 2f) . Indeed, expression levels of GATA targets show strong association with both 109 pseudotime and DCA coordinates ( Fig 2g) . 110
Of note, targets show both up and down-regulation. A fraction of targets increases in 111 expression along the trajectory while a smaller fraction decreases. When integrating annotation 112 from the TTRUST database [28] with the "GATAAGR_GATA_C" gene set, Fli1 expression was 113 predicted to be repressed by TF GATA1 and correspondingly we observed a negative 114 correlation along the trajectory between these two genes ( Fig S2) . 115
Among the most relevant TFs in the monocyte trajectory was PU1 (Fig 2h, Table S1 ), 116 which also showed strong association between the DCA embedding ( Fig 2j) and target gene 117 expression ( Fig 2i) with pseudotime. Both GATA and PU1 are well-known lineage determining 118 regulators in blood development, with GATA and PU1 driving erythrocyte and monocyte 119 differentiation, respectively [29] . However, such conclusions cannot be drawn based on the 120 expression of Gata1 and Pu1 itself. Although Gata1 and Pu1 showed increased expression 121 along their developmental trajectories, many other TFs exhibited a similar pattern, making it 122 difficult to pinpoint the driving regulator ( Fig S3) . 123 Furthermore, to validate our findings we repeated the analysis in a second, independent 124 blood development scRNA-seq data set [30] . In this second data set, DrivAER correctly 125 identified the gene sets "GATA_C" and "PU1_Q6" as the most relevant TFs for erythrocyte and 126 monocyte differentiation, respectively. Taken together, our findings demonstrate that DrivAER 127 robustly explains the molecular mechanisms underlying complex biological processes. 128 7
We compared DrivAER to VISION [19] for all three analyses ( Fig S4) . We observed 129 strong correlation between the relevance scores derived from DivAER and the signature scores 
